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Accurate volumetric assessment in non-small cell lung cancer (NSCLC) is critical for adequately informing
treatments. In this study we assessed the clinical relevance of a semiautomatic computed tomography
(CT)-based segmentation method using the competitive region-growing based algorithm, implemented in
the free and public available 3D-Slicer software platform. We compared the 3D-Slicer segmented volumes
by three independent observers, who segmented the primary tumour of 20NSCLC patients twice, tomanual
slice-by-slice delineations of five physicians. Furthermore, we compared all tumour contours to the
macroscopic diameter of the tumour in pathology, considered as the ‘‘gold standard’’. The 3D-Slicer
segmented volumes demonstrated high agreement (overlap fractions. 0.90), lower volume variability (p5
0.0003) and smaller uncertainty areas (p 5 0.0002), compared to manual slice-by-slice delineations.
Furthermore, 3D-Slicer segmentations showed a strong correlation to pathology (r 5 0.89, 95%CI, 0.81–
0.94). Our results show that semiautomatic 3D-Slicer segmentations can be used for accurate contouring
and are more stable than manual delineations. Therefore, 3D-Slicer can be employed as a starting point for
treatment decisions or for high-throughput data mining research, such as Radiomics, where manual
delineating often represent a time-consuming bottleneck.
L
ung cancer is a disease that affects about 1.6 million individuals worldwide every year1. Non-small cell lung
cancer (NSCLC) accounts for 85% of all lung cancer cases and it is characterized by poor prognosis and low
survival rates, due to high incidence of loco-regional and distant recurrences2.
In lung cancer, tumour delineation is critical for accurate volumetric assessment to evaluate response to
therapy, which can inform treatment decisions. However, tumour delineation can be a source of uncertainty,
since typically, the tumour delineation process involves an experienced physician, interpreting and manually
contouring computed tomography (CT) alone or combined with Fluorodeoxyglucose (FDG) - positron emission
tomography (PET) imaging, on a slice-by-slice basis3–6. Despite efforts in standardization of CT or FDG-PET-CT
image acquisition and standardized guidelines for tumour delineation, definition of lung tumours remains prone
to inter-observer variability and is time consuming6–9.
To reduce these problems, a number of CT or FDG-PET based semi-automatic methods have been investi-
gated, that aim to provide equivalent segmentations to those delineated manually by physicians, or to provide a
starting point for the manual delineation process, thereby reducing the overall required time. The various
segmentation methods, that range from simple threshold based methods to complex level set, watershed, or
region growing-context based methods, have been compared to manual delineations provided by physicians and
compared to the pathological measurements of tumour size, with varying success rates10–16. However, the
application of these methods is limited, often due to accessibility of the method within the clinical delineation
process.
In this study we evaluated the utility of the GrowCut algorithm to segment lung tumours, implemented in 3D-
Slicer – a free open source software platform for biomedical research17. This cellular automaton-based algorithm
performs automatic tumour segmentation after drawing boundaries within the image volume. It provides an
alternative to the manual slice-by-slice segmentation process and is found to be significantly faster and less user
intensive17. Our hypothesis is that 3D-Slicer contours are more stable for inter-observer variation compared to
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manual contouring. To evaluate the accuracy of the 3D-Slicer segmen-
tations, three independent observers segmented 20 NSCLC patients
twice using 3D-Slicer. We compared these six 3D-Slicer segmentations
to manual delineations provided by five physicians. Furthermore, the
segmented volumes were compared with the maximum diameter
measured from the tumour after resection, considered as the gold
standard. Because 3D-Slicer is publicly available and easily accessible
by download, its application in NSCLC could be useful for the clinical
investigations where tumour contours are necessary for assessing ther-
apy response, therapy planning, or in high-throughput data mining
research of medical imaging in clinical oncology (Radiomics)18–21.
Results
Clinical reliability of the 3D slicer’s semi-automatic segmentations
was measured in terms of its agreement with the CT/PET manual
tumour delineations of five independent observers and with patho-
logical measurements after surgery. To quantify the agreement
between the manual and 3D-Slicer segmentations, we performed an
uncertainty analysis. The uncertainty region was defined as the region
that varied between the segmentations of the different observers. In
figure 1, the uncertainty region of five manual and six 3D-Slicer
segmentations (three observers segmented twice with different seed-
point initialisation) is illustrated. This example shows that the uncer-
tainty region is larger for manual delineations compared to 3D-Slicer.
Overlap fractions. To examine the spatial agreement of the manual
and 3D-Slicer contours, Overlap Fractions (OF) were calculated. OFs
were computed between each of the six 3D-Slicer segmentations with
the uncertainty region of themanual delineations. The intersection is
defined as the inner boundary of the uncertainty region (i.e. the
region that all manual observers delineated), and the union as the
outer boundary of the uncertainty region (i.e. the region at least one
of the manual observers delineated). High OFs were observed with
the observers’ intersection (mean 6 SD: 94.3 6 4.4%, range: 76.8–
99.8) and union (mean 6 SD: 97.2 6 5.1%; range: 72.6–100) [See
figure 2]. In the Supplementary Figure S1, a heat map depicting the
overlap fractions for each patient between the GrowCut segmenta-
tions and manual delineations’ union and intersection are shown.
The results demonstrate a high spatial agreement of the manual and
3D-Slicer segmentations.
Uncertainty regions. To investigate the robustness of 3D-Slicer
segmentations we compared its uncertainty region against the man-
ual uncertainty region [Figure 1]. The analysis showed that the
uncertainty region, defined as the difference between uncertainty
region inner and outer boundaries, was smaller for the 3D-Slicer
segmentations [See Figure 3A]. Manual delineations had significan-
tly larger uncertainty areas compared to 3D-Slicer segmentations
(Wilcoxon test p 5 0.0002).
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Figure 1 | Segmentation uncertainty. Left: representative example showing differences in CT/PET manual delineations (top) and 3D-Slicer
segmentations (bottom). Right: This variability is quantified with the uncertainty region, defined as the difference between the observers’ agreement and
observers’ union (highlighted in green). The smaller the uncertainty region is, the lower the variability among multiple contours.
www.nature.com/scientificreports
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Segmented volumes. We then investigated the volumes of the
segmentations. There was a high agreement between the volumes
of the manual and 3D-Slicer contours, as we found no statistically
significant difference between the volumes of the five manual
delineations (82.03 6 94.31 cm3) and six 3D-Slicer (72.27 6
86.62 cm3, mean 6 SD) segmentations, using Kruskal–Wallis one-
way analysis of variance (p 5 0.98). Figure 3B, displays the tumour
volume variability, for both manual and 3D-Slicer for all patients. In
17 cases (85%), the volume variability was significantly lower for 3D-
Slicer segmentations (p 5 0.0003).
3D-Slicer segmentation process. To investigate the stability of 3D-
Slicer algorithm against user seed-points initialization, we compared
the intra-observer variability for each of the 3D-Slicer users. High
overlap fractions were observed for the 3D-Slicer users: 95.01% 6
5.33%, 94.11% 6 3.95 and 97.08% 6 2.54% [mean 6 SD],
respectively.
To assess the duration of the 3D-Slicer segmentation process, we
recorded the duration of all segmentation phases. The total seg-
mentation times were in average 10.6 min (range: 4.85–18.25 min),
9.97 (range 6.39–13.83 min) and 9.94 min (range: 4.38–20.25 min),
for the three 3D-Slicer users respectively. In average, the times mea-
sured for each 3D-Slicer segmentation phase were: loading (28 sec-
onds), algorithm initialization (2.79 min), running the 3D-Slicer
algorithm (32 seconds) and editing final phase (6.52 min).
Pathology. Further validation was provided by comparing the
maximum diameter of the 3D slicer segmentations with that of
the surgical specimen. Strong correlations were observed between
the maximum diameter of 3D-Slicer volumes and the macroscopic
diameter of the surgical tumours (spearman r, mean 6 SD 5 0.89 6
0.05, range: 0.81–0.94). Similarly, the maximum diameters of the
manual CT/PET delineations were highly correlated with the
macroscopic diameter (spearman r, mean 6 SD 5 0.92 6 0.02,
range: 0.91–0.95). Figure 4 displays the scatter plot between
macroscopic diameter and the diameters of CT segmentations
(manual and 3D slicer). The diameters of surgery had a range of
1.8–9 and average of 4.5 6 2.03 (mean 6 SD). The manual
delineations had a range of 1.42–12.53 and average of 6.09 6 2.71
(mean 6 SD). The semi-automatic delineations were: range 1.41–
12.20 and average of 6.17 6 2.89. These twelve different diameter
vectors were also compared using the Kruskal-Wallis test and no
statistically significant difference was observed (p 5 0.97).
Discussion
Despite the efforts in CT-PET imaging standardization and tumour
delineation protocols, target definition remains subjected to observer
variation. With respect to manual delineations, the addition of PET
information to CT imaging in standardized delineation protocols has
reduced the observer variability, however, human interaction and
interpretation of medical images is still a considerable source of
variation3,22,23. Furthermore, slice-by-slice manual contouring of
two-dimensional images is a time consuming process.
Here, we evaluated the utility of a freely accessible 3D-Slicer algo-
rithm, a cellular automaton-based algorithm, by performing a volu-
metric comparison with tumour delineations made by five
independent oncologists following standardized protocols24, as well
as by comparing it with the maximal diameter obtained from patho-
logical measurements.
The volumetric comparison showed that the 3D-Slicer algorithm
provides tumour segmentations, statistically equivalent to physicians
CT/PET manual contours. To evaluate the accuracy of the 3D-Slicer
segmentations, the overlap fraction (%) was calculated and resulted
in high values between the semi-automatically segmented volumes
and the intersection (mean6 SD: 94.36 4.4%, range: 76.8–99.8) and
union (mean 6 SD: 97.2 6 5.1%; range: 72.6–100) of the manual
delineations. Importantly, semi-automatic segmentations showed
overall lower volume variability (p5 0.0003) and smaller uncertainty
areas (p 5 0.0002) compared to manual delineations. 3D-Slicer seg-
mentations showed robustness towards user initialization, the OF’s
between the first Slicer segmentation and the second slicer segmenta-
tion were for each user in average: 95.01% 6 5.33%, 94.11% 6 3.95
and 97.08% 6 2.54%, respectively.
Additionally, we observed a strong correlation between the 3D-
Slicer segmentations and the maximal diameter as measured on
pathological examination (r 5 0.89; 95% CI, 0.81–0.94). The average
time to perform a complete segmentation was 9.8 minutes using
Slicer. Loading the images and running the algorithm takes in aver-
age half a minute respectively. Due to the retrospective nature of our
analysis we were not able to compare the 3D-Slicer segmentation
times with the manual delineation times, since those were not avail-
able. However 3D slicer’s volume segmentation has been shown to be
substantially faster and less user intensive compared tomanual delin-
eation in other tumour sites17. Furthermore, manual delineation is
well known to be a very time consuming task.
To minimize observer variability and reduce user interactions,
several CT and PET semi-automatic segmentation methods have
been introduced. Simple methods such as threshold-based segmen-
tations are widely available but often fail to accurately define the
tumour borders10,11,16. Various more complex methods have been
investigated, including signal-to-background ratio individualized
thresholding, watershed-based methods or complex fuzzy locally
adaptive thresholding methods11,14,15,25–27. These methods have
showed generally better correlations with pathology and manual
delineations than the simple fixed threshold methods; however they
often require significant tuning of algorithm parameters and are not
widely available. PET-based methods are intrinsically better choices
to segment the highly active metabolic areas of the tumour. In con-
trast, CT-based methods provide an anatomical segmentation with
higher spatial resolution. In radiation therapy, CT is the reference
imaging modality for treatment planning, and an accurate gross
tumour volume definition is fundamental to assure adequate target
coverage. Therefore, we believe that CT-based semi-automatic seg-
mentations have clinical utility, if they provide segmentations as
accurate as those generated manually by the medical experts, despite
the intrinsic CT limitations to distinguish areas of the tumour that
are metabolically more active.
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Figure 2 | Overlap fractions between the 3D-Slicer segmented volumes
and the observers’ intersection and union volumes.High overlap fraction
indicates high agreement (spatial overlap) between volumes.
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Cheebsumon et al, compared several commonly used PET-based
segmentation methods with pathology and with a CTmanually deli-
neated volume11. They reported PET-based methods to have a better
agreement with pathology compared to CT delineation. In their
study, CT manual delineation significantly overestimated the
tumour size compared to pathology. CT manual delineation is
known to be prone to inter-observer variation and usually overesti-
mates tumour dimensions. In their exhaustive methods comparison,
they lacked a comparison with semi-automatic CT-based segmenta-
tion methods, which have shown better correlations with pathology
than manual delineations28. We previously evaluated a CT-based
click-and-grow ensemble segmentation (SCES) algorithm, which
showed good overlap with medical expert’s tumour delineations
and with pathological measurements28. The SCES also showed
robustness towards user initialization, as it involved an iterative seg-
mentation process, with a bootstrapping routine with multiple initi-
alizations, which resulted in highly reproducible final
segmentations29. Unfortunately, this algorithm is only available in
commercial packages and therefore not available for the broader
community.
A comparison of CT-based and PET-based methods with patho-
logical measurements and manual delineations is still lacking
though. We anticipate that methods combining CT and PET
information will be the winner in the lung tumour segmentation
race, though not all centers are equipped with integrated PET-CT
scanners. However, intrinsic differences between CT and PET
information should be taken into account. The present 3D-Slicer
algorithm, provided accurate tumour segmentations for 85% of the
cases. In three cases the 3D-Slicer failed to define accurately the
border, these cases showed larger volume variability with 3D-Slicer
compared to manual delineations; two of these cases were large
masses with pleural attachment, however only one had a central
location. The third case was a very small isolated tumour, adjacent
to a main blood vessel, in this case due to the volume size, small
variations in border definition due to the adjacent vessel, resulted in
significant volume variations. Nevertheless, a medical expert should
supervise auto-segmentation algorithms in all cases.
The current correlation between the 3D-Slicer delineation and
pathology could possibly be improved if the CT and PET-CT would
have been performed in 4D-mode. It is well recognized that a free-
breathing CT and even more PET scan will result in blurred edges of
the tumour and erroneous CT densities or SUV values. In further
research, 4D scans should be used.
A general drawback when comparing segmentation algorithms
with pathological dimensions is that often only tumour sizes in
one dimension are available (maximal diameter). Furthermore,
pathological measurements can be affected by tumour shrinkage
and deformation after surgery. In this study only the maximal dia-
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Figure 3 | (A): Comparison of volume uncertainty (as defined as the region that varied between the contours of multiple observers) of manual
delineations and 3D-Slicer segmentations. See figure 2 for an illustrative example of the uncertainty region. (B): Comparison of volume variability (cm3)
of observers’ manual delineations and 3D-Slicer segmentations.
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meter on pathology was compared, which is less prone to error than
volumetric comparisons with pathology. The timing-span between
the image acquisition and surgerymay impact the comparison of the
segmentation methods with pathology due to tumour growth. Given
the correlation observed with pathological tumour diameter, this
time difference may not have a strong impact in the evaluated cases.
In conclusion, the open source 3D-Slicer algorithm, provided
tumour segmentations comparable to those manually delineated
by physicians and with lower variability. Since the semi-automatic
segmentations are statistically comparable to manual delineations
and correlated well with pathology, they could be used as a starting
point for treatment planning delineations and in high-throughput
data mining research, such as Radiomics18–21, where manual tumour
delineations are often not available, or represent a considerable time
consuming bottleneck.
Methods
CT-PET scans. The imaging data was acquired at MAASTRO Clinic in The
Netherlands, as reported previously by Baardwijk et al7. In short, twenty consecutive
patients with histologically verified non-small cell lung cancer, stage IB-IIIB, were
included in this study. All patients received a diagnostic whole body positron
emission tomography (PET)-computed tomography (CT) scanning (Biograph,
SOMATOM Sensation 16 with an ECAT ACCEL PET scanner; Siemens, Erlangen,
Germany). Patients were instructed to fast at least six hours before the intravenous
administration of 18F-fluoro-2-deoxy-glucose (FDG) (MDS Nordion, Lie`ge,
Belgium), followed by physiologic saline (10 mL). The total injected activity of FDG
was dependent on the patient weight expressed in kg: (weight * 4) 1 20 Mbq. Free-
breathing PET and CT images were acquired after a period of 45 minutes, during
which the patient was encouraged to rest. The whole thorax spiral CT scan was
acquired with intravenous contrast. The PET images were obtained in 5-min bed
positions. The CT data set was used for attenuation correction of PET images. The
complete data set was then reconstructed iteratively with a reconstruction increment
of 5 mm. Imaging data are available on www.cancerdata.org. This study was
conducted according to national laws and guidelines and approved by the appropriate
local trial committee at Maastricht University Medical Center (MUMC1),
Maastricht, The Netherlands. For more details see Baardwijk et al7.
GrowCut semi-automatic segmentation method in 3D-Slicer. GrowCut is an
interactive region growing segmentation method. Given an initial small set of label
points the algorithm automatically segments the remaining image by using cellular
automation. The algorithm uses a competitive region growing approach and is
considered as having good accuracy and speed for the 2D and 3D image
segmentation. For N-class segmentation the algorithm needs N initial sets of pixels
(one set corresponding to each class) from user. Using these pixel sets, the algorithm
automatically generates the region of interest (ROI), which is the convex hull of the
user-labelled pixels with an additional margin. In the next step, it iteratively labels all
the pixels in the ROI using the user-given pixel labels. The algorithm converges when
all the pixels in the ROI have unchanged labels across several iterations. Pixel labelling
is done using aweighted similarity score, which is a function of the neighbouring pixel
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Figure 4 | Scatter plot between maximal diameter of surgical specimen and the maximal diameter of computed tomography (CT) segmented volumes
for both manual and semiautomatic 3D-Slicer diameters. Spearman’s correlation coefficient was 0.89 (95%CI, 0.81–0.94).
Figure 5 | Initialization step of 3D-Slicer segmentation. Marked foreground (green) and background (yellow) are shown. Axial (a), sagittal (b) and
coronal (c) views are shown.
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weights. An unlabelled pixel is labelled corresponding to the neighbouring pixels that
have the highest weights.
NSCLC tumourGrowCut segmentation in 3D-Slicer. 3D-Slicer gives a user friendly
GUI as the frontend and an efficient algorithm as the backend for the GrowCut
segmentation. After loading the patient data, the process began with the initialization
of the foreground and background bymarking the area inside and outside the tumour
region with few initial seed pixels [Figure 5]. The next step was automatic competing
region-growing, which segmented the region of interest into foreground and
background. Background and surrounding isolated foreground pixels were removed
after visual inspection. Figure 6 displays the final segmented tumour region. In
Supplementary Figure S2 four representative tumour segmentations generated using
the 3D-Slicer algorithm are compared with the manual delineations of five
independent observers. Visual comparison shows a high agreement of the manual
delineations with the semiautomatic one.
We performed Slicer GrowCut segmentations by three independent users, which
repeated the process two times, with a three day interval between each time.
Segmentation times using GrowCut were recorded for every step of the analysis.
Manual tumour delineations. To validate the semiautomatic segmentation method,
five radiation oncologist have manually delineated the gross tumour volume (GTV)
of the primary tumour, based on fused PET-CT images using standard delineation
protocol, which includes fixed window-level settings of both CT (lung W 1,700; L
2300, mediastinumW 600; L 40) and PET scan (W 30,000; L 15,000)2,7,24. Radiation
oncologists were mutually blind of each other’s delineations. The primary GTV was
defined for each patient based on combined CT and PET information in the axial
plane. The radiation oncologists were given transversal, coronal, sagittal and 3D views
simultaneously. A treatment planning system (XiO; Computer Medical System, Inc.,
St. Louis, MO), was used for performing delineations.
Pathology. The examination of surgical specimen was carried out according to
national guidelines7. Surgical resections were performed on all the patients. Before
slicing, the maximal diameter of the primary tumour was measured by macroscopic
examination. The interval time between the CT scan and the surgery or biopsy was in
average 39 days (range: 7–112).
Statistical analysis. Overlap Fraction (OF) was used to evaluate the 3D slicer’s
segmentations in terms of its spatial overlap with manual delineations. Intersection
and union volumes were defined for manual delineations (Figure 1). OFs were
calculated between the semiautomatic segmentations and these intersection and
union delineations. OF was defined as the as the volume of overlap divided by the
smallest volume30:
OFinter~
SV\OBi
min SV ,OBif g  100, and
OFunion~
SV\OBu
min SV ,OBuf g  100
SV, OBi and OBu are the semiautomatic, observers’ intersection and union volumes
respectively. OF value 100 suggests perfectmatchwhile OF value 0 points to two disjoint
volumes and thus no match. OFinter indicates whether the semiautomatic-segmentation
method covers the common agreement (intersection volume) of the manual delinea-
tions while OFunion indicates whether the algorithm falls within the inter-observer
variability (union volume).
Furthermore, using the above described concept of union and intersection
volumes, we calculated and compared the uncertainty of the GrowCut segmentations
and the manual delineations. The uncertainty was defined as the difference between
the union and intersection volumes, which is the area that belongs to the union but
not to the intersection volumes. This region can be seen in Figure 1, highlighted in
green. The lower the difference between union and intersection volumes the lower the
uncertainty. If all contours were equal, with no variation, the union and intersection
volumes would be identical with no uncertainty areas.
Overlap fractions were used to compare the first 3D-Slicer segmentation against
the second 3D-Slicer segmentation for the same observer.
A volume (cm3) comparison was also carried out. Volumes calculated from dif-
ferent segmentation methods were compared using the Kruskal-Wallis test. Two
methods were considered to be significantly different when the p-value was lower
than 0.05.
We compared the volume variability of the 3D-Slicer segmentations against
manual delineations using the standard deviation of the 3D-Slicer and manual
volumes. The Wilcoxon test was used to compare the volume variability and uncer-
tainty differences between the two types of segmentations.
Spearman correlation coefficient was used to compare the maximal diameter of
pathology with the maximal diameter of 3D-Slicer and the manual segmentations.
Further we also compared all these twelve maximal diameter groups: 3D-Slicer (three
observers twice), pathology, and five manual using the Kruskal-Wallis one-way
analysis of variance. Again groups were considered significantly different when the p-
value was lower than 0.05. All data are expressed as mean 6 SD. All the analyses were
performed inMatlab (The MathWorks Inc., Natick, MA, USA) and R (R Foundation
for Statistical Computing, Vienna, Austria).
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